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Abstract—Pharmaceutical industries have declared their need 
of metrology in the cellular field, to improve new drugs 
developing time and costs by high-content screening technologies. 
Cell viability and proliferation tests largely use confluency of 
cells on a bi-dimensional (2D) surface as a biological measurand. 
The confluency is measured from images of 2D surface acquired 
via microscopy techniques. The plethora of algorithms already in 
use aims at recognizing objects from images and identifies a 
threshold to distinguish objects from the background. The 
reference method is the visual assessment from an operator and 
any objective uncertainty estimation is not yet available.  A 
method to estimate the image analysis contribution to confluency 
uncertainty is here proposed. A maximum and a minimum 
threshold are identified from a visual assessment of the free edge 
of the cells. An application to a fluorescence microscopy image of 
2D of PT-45 cell cultures is reported. Results shows that the 
method can be a promising solution to associate an uncertainty to 
cell confluency measurements to enhance reliability and 
efficiency of high-content screening technologies. 
Keywords—Cell Confluency; Image analysis; Measurement 
Uncertainty; High Throughput Screening; Drug development. 
I.  INTRODUCTION  
High-content screening (HCS) technologies strongly 
support cell-based imaging assays, e.g., such as automated 
immunostaining, automated image acquisition and automated 
image analysis [1]. Assays are constantly under development to 
improve, make faster and simplify the data analysis. As clearly 
stated by Xia and Wong [2], HCS is considered a “cellular 
image-based high-throughput screening” (HTS): the 
combination of HTS and microscopy led to the HCS 
technology which allows automated acquisition and analysis of 
data coming from cell behaviors which are highly informative 
about what it is happening in the cell culture [2, 1, 3]. In a 
HCS, each single cell is specifically and fluorescently stained 
to be analyzed at a sub-cellular level (micrometer resolution) 
[4].  
HCS are widely adopted in drug development and 
discovery, toxicology analysis on cell models, research on 
infectious diseases and in cell biology basic research. In 
addition, it is a promising methodology for personalized 
medicine and stem cells research [4, 2, 3]. HCS allow quick 
evaluation of the effects of thousands of molecules on cells and 
provide starting points for drug design and for understanding 
the interaction or role of particular biochemical processes [5]. 
Cell morphology, cell proliferation, cell migration are only 
some of the aspects being studied in phenotypic screening for 
cellular pathways, cell functions and biological mechanism by 
adopting the cell image analysis of HCS technology [2, 6, 7].  
Automated cell image analysis is employed for several 
research purposes: to measure single cell and colony shape, 
density, size, location, co-localization, texture, intensity and 
several other features in cell culture [8, 9]; to measure the cell 
morphometry in bone growth in vivo studies [10]; to analyze 
cell migration in living cells in culture [11]; to analyze the 
biomarker distribution in tumor cells [12]; to detect the 
presence of tumor cells in tissue samples [13]: to measure HIV 
particles neutralization performed by neutralizing antibodies 
[14].  
In the cell image analysis, confluency of cells on a bi-
dimensional (2D) surface, i.e., the fraction of surface area 
occupied by cells, is a measurand easily defined and realized 
that account for several complex features of cell model in 
culture, such as biological effect of a molecule under 
examination. It is know that variability in cell confluency can 
affect the HTS and HCS analysis [15]. Reproducible 
confluency may assure a reproducible generic activity of cells 
as a reproducible reference initial condition for assays.  
Cell confluency is measured in cell cultures to monitor the 
cell growth during a treatment and to modulate the subculture 
in 2D and 3D cell culture [16, 17, 18, 19], to perform toxicity 
tests with chemical or drug treatment at a certain cell 
confluency % [20, 21], to measure tumor cell proliferation in 
vitro [22], in drug development to find cytoplasm abnormalities 
discriminating between areas with cells (occupied by cells) and 
areas no cells (background) [3]. Cell confluency has been 
found to affect the expression of cell surface markers in studies 
on murine stem cells [23], to have effect on the cell stiffness 
[24], intracellular forces [25] and on the cell cycle [26], to have 
a critical impact in gene expression in adipose stromal cells 
[27].  Cell confluency is the first visual assessment in drug 
discovery and toxicology screening, where HTS and HCS are 
applied: cells seeded at an initial number, should not be over or 
sub-confluence in order not to lose genetic or physiological 
characteristics to analyzed [28].  
The confluency measurement is obtained through analysis 
of images acquired via microscopy techniques [3, 9]. HCS 
integrates fluorescence microscopy and algorithms for image 
analysis to automate cell analysis [6]. This allows to obtain 
confluency measurement as the first and easiest parameter from 
This full text paper was peer-reviewed at the direction of IEEE  Instrumentation and Measurement Society prior to the acceptance  and publication.
978-1-4799-6477-2/15/$31.00 ©2015 IEEE
where collect information on the cell mode
over time. The automated image analysis ai
objects and typically identifies a single th
distinguish objects (foreground) from the
extremely wide range of algorithms is availab
To date, the operator's experience in vis
images remains the most reliable referenc
quantification in the totality of developed a
objective estimation of measurement uncert
been taken into account. An uncertainty eva
confluency measurement can give a strong s
of having fast results with low numbe
Uncertainty sources for confluency measur
both image acquisition and image analysis d
methods and methodologies. 
The pharmaceutical industries have decl
metrology in the cell-based assays field, in 
reliability and comparability of results, redu
the tests, narrow the time from discovery to
new drugs and limit costs [31]. HCS are ex
more and more in the next future than
algorithm, and detection methods [6]. An 
improve algorithms is the knowledge about t
accuracy and reproducibility of resu
measurement uncertainty is here considered a
improve HCS technologies efficiency. The
end-users of the confluency measurement h
declared a target uncertainty and the typical s
visual assessment (5-10%) can be consider
value for actual uncertainty. 
This work proposes a method for the 
contribution of the image analysis to the u
confluency measurement. The method iden
area by the visual assessment of the free edg
quantification of a maximum threshold valu
threshold value. Its application to ima
fluorescence microscopy, of 2D cell cultur
(pancreatic carcinoma cell line) is report
promising solution to associate an unc
confluency measurements to enhance 
screening technologies reliability and efficien
II. MATERIALS AND METHOD
A. 2D cell cultures  
Human pancreatic carcinoma cell line PT
tumor (provided by Institute for Cancer Re
Italy) are ZsGreen1 positive showing an em
at 505 nm when excited at 493nm from the 
Cells were grown in Dulbecco’s Modified
(DMEM) supplemented with 10% Fetal Bov
2 mM glutamine, 0.0625 mg/ml of penicilli
streptomycin (Sigma-Aldrich). Cells were m
in a humidified atmosphere with 5% CO2. Ce
3 Petri dishes at the cell density of 5, 10 and
to obtain a low (L) medium (M) and high (H
(fig. 1). Cells were maintained at 37°C 
atmosphere with 5% CO2 for 24 hours before
l system behavior 
ms at recognizing 
reshold value to 
 background, an 
le [29, 30].  
ual assessment of 
e for confluency 
lgorithms and an 
ainty has not yet 
luation of the cell 
upport to the need 
r of repetitions. 
ement come from 
epending on their 
ared their need of 
order to improve 
ce the number of 
 the marketing of 
pected to develop 
ks to improved 
effective way to 
heir robustness as 
lts. Confluency 
s a contribution to 
 stakeholders and 
ave not officially 
tep of a traditional 
ed as a reference 
estimation of the 
ncertainty of the 
tify an uncertain 
e of cells and the 
e and a minimum 
ges, acquired in 
es of PT-45 cells 
ed. It can be a 
ertainty to cell 
the high-content 
cy. 
S 
-45 from primary 
search, Candiolo, 
itted fluorescence 
whole cytoplasm. 
 Eagle’s Medium 
ine Serum (FBS), 
n, and 0.1 mg/ml 
aintained at 37°C 
lls were seeded in 
 20×103 cells/cm2 
) cell confluency 
in a humidified 
 imaging. 
B. Cell image acquisition  
An optical microscope (Ze
black and white, high resolution
XM10, 1.4 megapixel, 14 bit)
Images were recorded under u
field, using objectives ×10, to p
magnification. Mercury vap
illumination source. Digital im
Axio Observer.Z1 Software. I
quality format, corresponding 
exposure time ranging from 2
image was acquired at five diffe
by the operator using the softw
five focal planes were chosen
right focal plane (the best foc
“0”, two at “0 ± 5 µm” and oth
images, intensity was scaled on
min fluorescence intensity to li
dish, three different zones were
Fig. 1. Fluorescence microscopy image
(M) and high (H) cell de
C. Confluency and uncertainty
The confluency was defined
image foreground, i.e., the rati
attributed to foreground and th
image.  
1) Visual Assessment  
A visual assessment was 
identify the free edges betwe
intensity of the pixel and its bel
cell were considered to discrim
foreground. Contrast was mod
A binary map from each imag
and background (black) pixel 
assessments were repeated thre
Fig. 2. Confidence to not have backgro
level fo
2) Threshold value  
A minimum intensity and
identified as upper and lower th
iss Axio Observer.Z1) with a 
 digital CCD camera (Olympus 
 was used to image the cells. 
niform illumination in a bright 
roduce images at ×100 apparent 
or lamp was used as the 
ages were collected with the 
mages were captured in high-
to an image of 16 bit with an 
00 to 500 milliseconds. Each 
rent focal planes with z defined 
are of Axio Observer.Z1. The 
 for each image as follow: the 
us seen by the operator’s eye), 
er two at “0 ± 10 µm”. For all 
 16 bit integer between max and 
mit images variability. On each 
 sampled. 
 
s PT-45 living cells at low (L) medium 
nsity (Samples 2) at best focus. 
 calculation 
 as the fraction of pixels in the 
o between the number of pixel 
e number of pixel in the whole 
performed on each image to 
en cells and background. The 
onging or not to a form due to a 
inate between background and 
ified to enhance edge visibility. 
e identifies foreground (white) 
sets. Three independent visual 
e times.  
 
und pixels at the fluorescence intensity 
r sample H1. 
 a maximum intensity were 
reshold value limit respectively. 
Below the lower threshold, the confidence to not have 
foreground pixels is greater than 95% pixels. Over the upper 
threshold considers the confidence to not have background 
pixels is greater than 95% pixels (ref. Fig. 2). The fraction of 
foreground pixel at each fluorescence intensity level was 
considered as an estimation of the confidence to not have 
background pixels at the intensity level. Intersections between 
binary map sets and iso-intensity sets identify the fraction in 
each set at the intensity level. A minimum number of pixels at 
each intensity level was ensured by the wideness of intensity 
assigned to the level to have a meaningful evaluation of 
confidence.  
3) Uncertainty of confluency  
The edge of contour that separates foreground (cells) from 
the background was considered as a subset of boundary, i.e., a 
subset of the set of pixels with intensity between upper and 
lower threshold value. The pixels belonging to the boundary 
were considered of uncertain assignment when a single 
threshold is used to discriminate foreground from background. 
The pixel with scaled intensity over the upper threshold were 
considered to belong to the foreground. The pixel with scaled 
intensity below the lower threshold were considered to belong 
to the background. The uncertainty was calculated as type B, as 
indicated in [32], assuming a normal distribution of the pixel 
belonging to the edge contour and a 95% membership to the 
edge boundary.  
4) Confluency.  
The confluency fraction definition was realized in different 
ways as calculation method for the most probable free edge:  
1. Visual Assessment, the fraction of foreground pixels in the 
binary map of visual assessment;  
2. Mean Area, the mean between the fraction of foreground 
pixels in the image and the complement to one of the 
fraction of background pixels in the image (double 
threshold);  
3. Mean Threshold, the fraction of pixels with intensity larger 
than the mean intensity between upper and lower 
threshold value (single threshold);  
4. Median Threshold, the fraction of pixels with intensity 
larger than the intensity at 50% confidence (single 
threshold).  
Reproducibility for each calculation method was calculated 
as type B, as indicated in [32], assuming a uniform distribution 
on the range. The uncertainty due to calculation method was 
calculated for each image as type B, as indicated in [32], 
assuming a uniform distribution on the range. The variability of 
confluency and its uncertainty due to focus plane variation was 
calculated as type B, as indicated in [32], assuming a uniform 
distribution on the range. Significant index values of 
calculation method and variability contribution to uncertainty 
were calculated for each image as a ratio between squared 
contributions [33]. 
III. RESULTS:  
The method has been applied to images, acquired in 
fluorescence microscopy, of 2D cell cultures of PT-45 living 
cells (pancreatic carcinoma cell line). The intensity was scaled 
on minimum to maximum fluorescence intensity range at 16 bit 
integers to harmonize image acquisition. Background average 
level in the flat zones was the same for all the scaled images.  
A. Threshold levels 
For each image, a visual assessment to identify the surface 
area covered by cells was performed and resumed in a binary 
map. As a first result, the free edges between cells and 
background are under the 3% of maximum intensity. Scaled 
fluorescence intensity levels at 5%, 50% and 95% confidence 
are reported in Table I for each confluency level as a mean of 
all samples. Fluorescence threshold values are different even if 
the background has similar intensity level in the flat zones. 
Mean lower threshold  and median intensity have similar 
values at all confluency level while upper threshold have a 
higher variability.  At high confluency, the variability of 
threshold values is very high. Median intensity value shows the 
lowest variability at any confluency level.  
TABLE I.  MEAN THRESHOLD VALUES FOR SCALED FLUORESCENCE 
INTENSITY (16 BIT INTEGER) AND THEIR RELATIVE VARIABILITY  
Threshold Confidence
Scaled intensity (Variability) 
L M H 
lower 5% 330 (28%) 270 (19%) 240 (84%) 
median 50% 460 (31%) 390 (12%) 510 (71%) 
upper 95% 780 (64%) 520 (14%) 940 (93%) 
Level of confluency; low (L); medium (M); high (H). (Samples 1, 2, 3). 
B. Reproducibility of assessment  
Independent operators performed and repeated confluency 
reference visual assessment. Confluency reproducibility was 
calculated for visual assessment. The results for images at low 
(L) medium (M) and high (H) confluency (Samples 1) are 
showed in Table II. The calculation of confluency by visual 
assessment on images is reproducible at around 10% (L1), 5% 
(M1) and 3% (H1) relative reproducibility. The calculation 
method by mean area (double threshold) showed worse 
reproducibility at all confluency levels. The calculation 
method by median threshold (single threshold) showed the 
best reproducibility at all confluency levels.  
TABLE II.  CONFLUENCY MEAN VALUES (C) AND ITS EXPANDED 
REPRODUCIBILITY (UR K=2) FOR A SINGLE IMAGE AT THE BEST FOCUS 
Calculation  
method 
L1 M1 H1 
C UR C UR C UR 
Visual 10.4% 0.9% 32.3% 1.5% 87.5% 3.0% 
Mean Area 10.8% 1.5% 37.6% 2.3% 86.7% 7.2% 
Mean Threshold 8.5% 0.7% 28.7% 1.4% 85.2% 6.8% 
Median Threshold 9.3% 0.9% 29.4% 1.1% 88.2% 1.0% 
Level of confluency; low (L); medium (M); high (H). (Samples 1). 
C. Uncertainty of realization of confluency definition 
The visual assessment estimation is here considered as a 
reference value. The four calculation methods are different 
ways to realize the definition of the confluency and are a 
source of uncertainty [32]. Uncertainty of calculation was 
evaluated for each visual assessment,  Mean, min and max 
expanded contribution to uncertainty (k=2) of the way to define 
the most probable free edge and its relevance compared to total 
calculated uncertainty are reported in Table III. The different 
ways to calculate confluency produce a relevant spread of 
values. The relevance of the contribution is lower than 20%, on 
the whole range of confluency (same order of magnitude of the 
total uncertainty) and gives a relevant contribution to total 
uncertainty (IS>10%). The uncertainty and its variability are 
higher for medium confluency where the length of free edge is 
larger. 
TABLE III.  REALIZATION OF THE DEFINITION OF CONFLUENCY. 
UNCERTAINTY (UM) AND SIGNIFICANT INDEX (IS) OF ITS CONTRIBUTION TO 
TOTAL UNCERTAINTY   
 L M H 
UM mean (k=2) 1.0% 6.2% 1.9% 
UM min (k=2) 0.3% 3.7% 0.2% 
UM max (k=2) 1.7% 10.7% 5.0% 
IS max 18% 19% 17% 
Level of confluency; low (L); medium (M); high (H). (Samples 1,2,3). 
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Fig. 3. Samples at low (L) medium (M) and high (H) level of confluency (Samples 1). Images of cells acquired with the camera; maps of the visual evaluation of 
surface covered by cells (white); three classes images: Background (black) Foreground (gray) and Boundary (white) with the algorithm implemented. 
D. Uncertainty of a single threshold 
The attribution of pixels with scaled intensity in between 
the lower and upper thresholds to background or foreground 
was considered uncertain for a single threshold confluency 
calculation. Absolute and relative expanded uncertainty (k=2 
to give the 95% coverage of the range) are reported in Table 
IV for the nine samples. Expanded uncertainty resulted to be 
higher than the typical step in visual assessment of 
confluency, i.e., 5-10% for medium confluence. Relative 
expanded uncertainty resulted to be between 15% and 30% 
at low confluency, higher than 35% at medium confluency 
and lower than 10% at high confluency. 
Figure 3 shows the visual representation of the results for 
low medium and high confluency (Sample 1). The scaled 
images acquired with the microscope camera, the map of the 
visual identification of cell surface and the three zone images 
(background black; foreground gray; boundary white) are 
reported for each sample. 
TABLE IV.  UNCERTAINTY (UT) AND RELATIVE UNCERTAINTY (UT/C) OF 
CONFLUENCY (C) FOR PIXEL ATTIBUTION BY A SINGLE THRESHOLD 
Sample 
UT (UT/C) (k=2) 
L M H 
1 3.1% (30%) 11.4% (35%) 7.8% (9%) 
2 3.0% (27%) 24.5% (53%) 5.1% (5%) 
3 1.2% (14%) 21.4% (53%) 5.8% (6%) 
Level of confluency; low (L); medium (M); high (H). (Samples 1,2,3). 
E. Focal planes effects 
The effects of focal plane position on confluency and single 
threshold uncertainty were investigated. Confluency at best 
focus and its expanded variability due to the variation of 
focus plane are reported in Table V for low medium and 
high confluency (Samples 1). The significant index of 
variability is lower than 2% on the whole range of 
confluency, it means that variability is not relevant 
(IS<10%) and not negligible (IS>1%). 
TABLE V.  20 µM FOCUS PLANE VARIATION. BEST FOCUS VISUAL 
ASSESSMENT CONFLUENCY, ITS EXPANDED VARIABILITY (UF), ITS RELATIVE 
VARIABILITY (UF/C) AND SIGNIFICANCE INDEX (IS) OF VARIABILITY 
CONTRIBUTION TO TOTAL UNCERTAINTY  
 L1 M1 H1 
C (Best focus) 10.4% 32.3% 87.5% 
UF (UF/C) (k=2) 0.3% (3%) 1.6% (5%) 1.0% (1%) 
IS 1% 2% 2% 
Level of confluency; low (L); medium (M); high (H). (Samples 1). 
The uncertainty of attribution for a single threshold method 
was calculated for the three confluency levels from the 
images taken at different focal plane in zone 1 of each dish 
(Samples 1). Results are reported in Table VI. The 
variability of uncertainty is not relevant (IS<10%) on the 
whole range of confluency. 
TABLE VI.  FOCUS PLANE VARIATION. SINGLE THRESHOLD UNCERTAINTY 
(UT), ITS EXPANDED VARIABILITY (DUT) AND SIGNIFICANCE INDEX (IS) OF 
VARIABILITY CONTRIBUTION TO THRESHOLD UNCERTAINTY  
Focal plane L1 M1 H1 
-10μm 2.7% 12.5% 6.3% 
-5μm 2.9% 10.4% 6.7% 
Best focus 3.2% 12.0% 6.8% 
+5μm 3.0% 9.1% 7.1% 
+10μm 2.8% 12.7% 6.6% 
dUT (k=2) 0.3% 2.1% 0.4% 
IS 1% 4% 1% 
Level of confluency; low (L); medium (M); high (H). (Samples 1). 
IV. DISCUSSION 
The proposed algorithm calculate the uncertainty due to a 
single intensity level taken as threshold limit associated to a 
visual assessment, taken as a reference method. The 
reproducibility of visual assessment, the variability of the 
realization of confluency definition (corresponding to the 
most probable free edge between foreground and 
background), the variation of focal plane during image 
acquisition were considered as sources of uncertainty. The 
typical step of a traditional visual assessment (5-10%) can be 
considered as a reference value for actual uncertainty. The 
reproducibility of visual assessment was lower than the 
typical step. The uncertain attribution of pixels at the most 
probable scaled intensity (single threshold) gave the most 
relevant contribution to the total uncertainty for all images 
and visual assessments. The calculation method gave limited 
contribution to the total uncertainty for the most of 
assessments it gave a relevant contribution. The focal plane 
variation gave a not relevant contribution for both 
confluency value and single threshold uncertainty over the 
whole range of confluency. The uncertainty at medium level 
of confluency resulted to be higher of the typical step of a 
traditional visual assessment, while at low and high levels it 
resulted to be lower but close. Bias for threshold 
identification is not considered in this approach. The 
identification of the threshold value is often based on 
analyses of pixel intensity distribution that is performant 
when edges are well defined; the risk of biases is very high 
in the context here considered.  
V. CONCLUSION  
The typical approach of confluency calculation 
algorithms is the identification of an intensity threshold value 
that separate background from foreground, the proposed 
algorithm provides an upper and lower limit associated to a 
visual assessment, taken as a reference method. The 
algorithm calculate the uncertainty due to a single intensity 
level taken as threshold. It proposes a solution to the problem 
of assigning an estimate uncertainty to an analysis of 
confluency, to enhance reliability of measured values. The 
algorithm for the uncertainty estimation was tested on the 
whole range of confluency; it provided values in any 
conditions, i.e., it was efficient, values were correct, i.e., it 
was robust. The probability to have a correct estimation of 
the confluency uncertainty due to a single correct threshold 
value is high, i.e., the algorithm is reliable.  
Routine biological analysis can easily embed the 
approach to compare visual assessment and automatic 
algorithms. The method has currently a part of visual 
assessment that requires the intervention of an operator. The 
automation of this part would allow the use of this algorithm 
for automatic analysis of HSC. The identification of free 
edges and multilevel approaches to confluency measurement 
could be much more effective than threshold approach, 
reducing pixel attribution uncertainty and the risk of biases. 
The representation of uncertainty as a numerical value and as 
the image of free edge of cells can simplify the 
understanding in multidisciplinary approaches where 
knowledge from different backgrounds are mixed in one 
team. 
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